As a kind of efficient and rapid developed surface processing technique, polishing technology is widely used to improve the surface quality in the precision manufacturing of aero-engine blisk blades. Since blisk blade polishing is a metal removal process which aims to produce smooth surfaces with very low surface roughness, it is difficult to achieve the optimum balance between high material removal rate and low surface roughness. To solve this problem, this study investigates the process parameter optimization to improve the material removal rate with high surface quality in the belt flapwheel polishing of TC4 aero-engine blisk blades. The experiment was designed by Box-Behnken design (BBD) theory of response surface methodology. Then the prediction model of material removal rate was built based on the linear regression analysis of experimental data. To improve material removal rate on the condition that surface roughness meets technical requirements, the single-objective constrained optimization problem was solved utilizing the Particle Swarm Optimization (PSO) technique. Finally, the feasibility of this method was experimentally verified. This study provides a theoretical and experimental reference for the evaluation and improvement of material removal rate with good surface quality in TC4 blisk blade polishing process.
Introduction
As the typical representative of products with complex and freeform surface, aero-engine blisk plays a key role in decreasing the weight, enhancing the performance, reducing the fault rate, and improving the reliability of engines (Duan, et al., 2011) . Due to evident milling remain height on workpiece surface, polishing technology is required to remove tool marks and improve surface quality of aero-engine blisk blades (Bigerelle, et al., 2009 , Duan, et al., 2012 . The surface microstructure and cross section microstructure of the samples before and after flexible polishing can be shown in Fig. 1 and Fig. 2 .
Unlike the surface microstructure and cross section microstructure which cannot be macroscopically quantified by numerical value, surface roughness (SR) and material removal rate (MRR) are the measurable performance parameters for polishing process. However, since that MRR and SR are differently affected by contact force, abrasive size, feed rate, and rotation speed, etc., low SR and high MRR are the results of different parameter combinations, respectively. It is difficult to achieve minimum SR and maximum MRR simultaneously. If surface quality is considered without taking machining efficiency MRR into account, the production efficiency would be decreased. If machining efficiency is only considered without taking surface quality into account, the polishing quality would be difficult to guarantee.
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Zhen CHEN*, Yaoyao SHI* and Xiaojun LIN* Chen, Shi and Lin, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.4 (2018) Therefore, it is necessary to balance SR with MRR in polishing process for aero-engine blisk blades. There have been many studies on the polishing parametric effects on MRR and SR (Xiao, et al., 2014 , Jourani, et al., 2005 , Wu, et al., 2014 , Song, et al., 2012 , Jeevanantham, et al., 2016 , Jeevanantham, et al., 2017 , but little research on process parameter optimization. The studies on process parameter optimization mostly focus on single-objective optimization for minimum SR (Zhao, et al., 2014) . Alagumurthi (2006) chose depth of cut, work speed, and wheel speed as the major influential factors that affect the surface quality, determined the optimum grinding conditions by comparing factorial design with Taguchi's design of experiments. An (2008) examined the influential parameters on MRR in chemical mechanical polishing, and found that MRR increased sublinearly as the plate speed, applied pressure, and slurry silica concentration. Mullany (2013) demonstrated that MRR was largely affected by nanometer-scale vibration amplitudes through experimental testing in polishing of fused silica. Tsai (2006) studied the relationship between SR and polishing efficiency, and the automatic polishing scheduling was implemented by shifting to a more efficient choice until the desired SR was reached. Shimada (2011) investigated the slant feed grinding and proposed a theoretical method for calculating ground surface roughness of slant feed grinding by using a statistical approach. Morisawa (2009) introduced a control limit optimization method to minimize the cost under the condition of removal rate in run-to-run lot works of oxide-film chemical mechanical polishing processes.
The studies above have mainly focused on the single-objective optimization. While it is a multi-objective optimization problem on MRR and SR in the polishing process for aero-engine blisk blades. Fortunately, based on the engineering experience, it is desirable to improve MRR on the condition that SR meets technical requirements in blisk blades polishing process. The multi-objective optimization problem can be converted to single-objective constrained optimization problem. Particle Swarm Optimization (PSO) technique was put forward to solve the constrained optimization problems (Kennedy, 1995) . PSO derives from the simulation of predatory behavior of birds. It has advantages of fast search speed, high efficiency and easy operation, etc. PSO technique has been employed to solve a range of parametric optimization problems. Li (2007) studied cutting parameter optimization to improve machining efficiency by using PSO technique. The results indicated that the machining process was improved evidently. Wu (2009) implemented the prediction model of SR by using multilayer perceptron based on PSO technique to avoid the local infinitesimal defect and slow constringency in the classical BP algorithm. The prediction result showed that the multilayer Chen, Shi and Lin, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.4 (2018) perceptron based on PSO technique can fit the testing samples well. Li (2016) studied the surface quality of aero-engine blade after polishing, the process parameters were optimized and contrasted using PSO and genetic algorithm according to the established model. Zhang (2010) presented an algorithm for multi-constrained and nonlinear process parameter optimization based on PSO technique. The validation calculation was successfully implemented through a cutting parameter optimization example.
The studies above are of great value in engineering application, and can be used as references for the polishing process of aero-engine blisk blades. With the advantages of simple structure, low volume and good flexibility, belt flapwheel is chosen as the polishing tool to polish blisk blades in our research (Huai, et al., 2017 . The polishing process parameters are optimized, including feed rate, abrasive size, contact force, and rotation speed. The remainder of this article is organized as follows. The experimental procedure is illustrated in Section 2. The prediction model of MRR and SR are established, and the significance of the prediction models is analyzed in Section 3. The polishing process parameters are optimized using PSO technique, and the polishing experiments of blisk blades are performed in Section 4. The conclusions are provided in the last section.
Experiment procedure

Experiment setup and sample preparation
The polishing experiments were conducted in the independently developed five-axis CNC polishing machine (Fig.  3) . The axes of motion include rectilinear axes, swing axis of blisk, and swing axis of flexible polishing head. With two rotational degrees of freedom cooperation, any position and direction of the work space are available, making it possible to finish the polishing of the complex and freeform surface. Through adjusting the position of three micro-displacement cylinders in radial uniform distribution and one in the principal axis, the configuration of flexible polishing head keeps the effective contact between the polishing tool and blade surface. Therefore, flexible profile-adaptive polishing is realized . The spanwise with small curvature variation is selected as the polishing direction . In the test, the material of the blisk sample is Ti-6Al-4V (TC4). The chemical composition of TC4 is shown in Table  1 . TC4 is of high polishing temperature, easy adhesion and strong chemical activity in the polishing process. The basin and back of every blisk blade were polished 4 times. In view of the demands for suitable flexibility, the belt flapwheel with 12mm initial radius and 12mm tool width was chosen as the polishing tool.
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Measurement methods
Five measuring points were selected from the finished surface before and after polishing for each sample. The average measured values of MRR and SR were chosen as the final result. SR, characterized by Ra value, was measured by a MarSurf M300C surface roughmeter (evaluation length is 4mm and sampling length is 0.8mm) in the direction perpendicular to the polishing path, as shown in Fig. 4 . Since aero-engine blisk is heavy and material removal volume of polishing process is small, the common measurement method of measuring reduction in weight easily leads to great measurement error of MRR. Therefore, variation in thickness of blades was measured to facilitate the calculation of MRR. The thickness of blades was measured by a Mitutoyo 395-271 digital-indicate micrometer (the measuring range is 0-25mm, the resolution is 1μm).
Then the standard material removal rate Zw was calculated as follows:
where Zw is material removal rate (mm 2 /min), fz is feed rate (mm/min), P is pitch between polishing routes (mm), ∆h is the variation in thickness of blades (mm), n is polishing times (non-dimension), B is the width of belt flapwheel (mm).
Design of experiment
The polishing process parameters, involving feed rate, abrasive size, contact force, and rotation speed, were chosen as the main influence parameters on MRR and SR. To guarantee adequate experimental data and reduce experiment costs, the experiment was designed by Box-Behnken design (BBD) theory of response surface methodology. The BBD experiment and measurement results are illustrated in Table 2 . 
Results and discussion
Establishment of the prediction models
The empirical formula of polished MRR of belt flapwheel polishing was adopted as follows:
where y is MRR, K is proportional coefficient, Gr is abrasive size, fz is feed rate, Fn is radial contact force, Nr is rotation speed, β1, β2, β3, β4 are undetermined coefficients.
The natural logarithm form of Eq. (2) is shown as follows:
After taking logarithm of the data of table 2, Table 3 is facilitated to establish prediction model of Eq. (3). 
Finally, the prediction model of MRR was established as follows: 
To judge whether the technical requirement of surface quality is met, the empirical model of polished SR was built using the same linear regression method. The prediction model of SR can be shown as follows: 
Significance of the prediction models
Analysis of variance (ANOVA) is employed to the significance test of the prediction models. The analysis results are illustrated in Table 4 and Table 5 . The F values of the prediction models are 226.41 and 97.02 respectively. All of them are greater than the benchmark value F0.05 (4, 24) = 2.776, implying the models are all considered to be statistically significant. The value of 'Prob > F' is less than 0.01%, indicating that two models are all significant. The R-Sq value indicates the coincidence degree between the model and the data. The R-Sq (adj) values, 97.2% and 93.7%, close to the corresponding R-Sq values, demonstrating that two models of MRR and SR are all reliable. Chen, Shi and Lin, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.4 (2018) Residual analysis is used for the diagnostic checking of the prediction models. The results of diagnostic checking are illustrated in Fig. 5 and Fig. 6 . The residuals scatter along a straight line, as shown in Fig. 5 , further indicating that two models of MRR and SR are reliable. As shown in Fig. 6 , residuals scatter in the horizontal stripes without obvious regularity emerging. This demonstrates that the measurement data and the prediction models are adequate. The analysis above demonstrates that the prediction models can be applied to predicate the MRR and SR in belt flapwheel polishing.
Processing parameter optimization and verification experiments 4.1 Analysis of parametric influences on MRR and SR
It is desirable to improve MRR on the condition that SR meets technical requirements in blisk blades polishing process. After the detailed analysis of the prediction models of MRR and SR, the correlation relationship between process parameters and response variables can be shown in Fig. 7 Fig. 7 The relationship between process parameters and response variables, (a) for SR (b) for MRR Chen, Shi and Lin, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.4 (2018) The MRR and SR increase (or decrease) simultaneously as feed rate fz, abrasive size Gr and radial contact force Fn. In other words, feed rate, abrasive size and radial contact force cannot meet the requirements of minimum SR and maximum MRR at the same time. Therefore, the optimum values of fz, Gr, and Fn need to be further chosen. Rotation speed Nr, by contrast, is different in effects on MRR and SR. The maximum value of Nr can meet the requirements of minimum SR and maximum MRR simultaneously. Therefore, the maximum value of Nr is located at its maximal point.
The plot also suggests that rotation speed Nr and abrasive size Gr have greatest influence on SR (the difference of Ra being the larger than others), followed by radial contact force Fn. Feed rate fz appears to have lowest effects on SR. Abrasive size Gr and rotation speed Nr have biggest influence on MRR (the difference of MRR being the larger than others), followed by radial contact force Fn. Feed rate fz appears to have lowest effects on MRR. This condition can be attributed to the different action mechanisms of the parameters on MRR and SR. The abrasive size Gr determines the number of abrasive and load of abrasive per unit time, and has significant influence on MRR and SR. Spindle speed Nr, which manifests in linear velocity between belt flapwheel and workpiece, has considerable influence on the number of working abrasive per unit time. Radial contact force Fn affects the deformation of flapwheel, which has direct influence on cutting depth and MRR of polishing. Feed rate fz also affects the working time of abrasive on the workpiece and has some influence on MRR and SR. However, the effect of feed rate fz on both MRR and SR is relatively low since the feed rate is much lower than the linear velocity of high-speed flapwheel.
In order to obtain the optimal parametric combination of fz, Gr, and Fn, processing parameters are optimized to achieve maximum MRR on the limiting condition that SR meets technical requirements. In consideration of application environment of aero-engine blisk and user requirements, SR is usually limited no more than 0.4μm, which is adopted as the limiting condition of parameters optimization. According to engineering experience and machine tool parameters, the optimal range of abrasive size, contact force, feed rate are 240# ∼600#, 0.5N∼2.5N and 100mm/min∼700mm/min, respectively. The type of abrasive size Gr which is available and common in the abrasive markets includes 120#, 240#, 320#, 400#, 600#, 1000#, etc. For the consideration of manufacturing production and obtaining the optimum result in wider range of polishing process parameters, we added another frequently-used abrasive size 320# to the range of polishing process parameter Gr. Therefore, processing parameter optimization is translated into solving the following formula: 
Optimization of parameters using PSO technique
As shown in Eq. (7), the value range of abrasive size Gr in constraint conditions includes a set of discrete values, not a set of continuous ones. Therefore, Particle Swarm Optimization (PSO) is applied in this study to solve constrained optimization problem with discrete variables involved. PSO is a kind of Swarm Intelligence Optimization Algorithm (SIOA) in the field of computational intelligence. PSO begins with the initialization of a group of particles in the feasible solution space, then the optimal solution is approached gradually through multiple iterations. The particle moves in the feasible solution space, and updates location by tracking its personal best (pbest) and global best (gbest). The fitness values of particles are calculated as the locations of the particles change. Then the latest fitness values of particles is compared with the previous value to update the locations of pbest and gbest. The moving direction and distance depend on the speed of particles. The speed of each particles is dynamically adjusted according to the moving experiences of its own and others. Eventually the optimal solution of every particle is obtained in the feasible solution space. The computational process can be expressed as follows: Chen, Shi and Lin, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.4 (2018) 
where vi k , vi k+1 is the speed of particle before and after the update respectively, vi k is latest position of particle, pbesti is the personal best of particle, gbesti is the global best of particle, rand is random number in the range between 0 and 1, w is inertia weight of speed, ci is learning rate, a is the constraint factor of moving time of particle. If no special requirements, the general settings are w = 1, c1 = c2 = 2, a = 0.5.
Every particle usually maps one-to-one to fitness value. However, not every particle has one available fitness value in objective function with constraint conditions for Eq. (7). Therefore, objective function is treated as follows:
Step 1 Normalization of constraint factors Restraint factors in this study are fz, Gr, and Fn. Among them, fz and Fn are continuous variables. In order to facilitate the calculation, fz and Fn in custom fields are normalized into ranges between -1 and 1 as follows: 
Step 2 
where x1, x2 indicate the current coordinates of particles. For every particle in definitional domain, one correspondent fitness value is obtained.
The calculation result is shown as follows: 
Polishing experiments
In confirmation of the result of optimization using PSO technique and the accuracy of prediction models of MRR and SR, verification experiments were carried out. The optimum condition (Test 1) was aimed to improve MRR on the condition that Ra is less than 0.4μm, and two chosen conditions Tests 2 and 3 were performed to achieve smaller SR and bigger MRR respectively, as shown in Table 6 . Fig. 8 and Fig. 9 showed the experimental results. As illustrated in Fig. 8 and Fig. 9 , the differences between the predictive values of MRR and SR and the measured results by the experiments were small. The verification tests indicate that the prediction models are of great reliability. By comparing experimental result of Test1 with of Test 2 and 3, MRR has been significantly improved on the condition that SR meets technical requirements.
Conclusion
This study is focused on facet related to surface quality and metal removal rate which are the most important performance parameters for the optimum condition in TC4 blisk blade polishing process.
(1) The prediction models of polished MRR and SR were built based on the linear regression analysis of data obtained from BBD experiments. The significance of the prediction models was analyzed. The ANOVA results indicated that the prediction was adequate.
(2) The polishing process parameters were optimized using Particle Swarm Optimization (PSO) technique, namely feed rate 700mm/min, abrasive size 400#, contact force 2.44N and rotation speed 8000 rpm.
(3) The polishing experiments of blade were carried out. The experiment results showed that MRR could be improved significantly on condition of meeting SR request by using result of optimization of PSO technique. The method was verified to be reliable and could be employed to solve the parametric optimization problem in the belt flapwheel polishing process.
